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Abstract: The Yellow River Basin is one of China’s most densely-populated, fastest growing
and most dynamic regions, with abundant natural resources and intense agricultural production.
Major land policies have recently resulted in remarkable landscape modifications throughout
the basin. The availability of precise regional land cover change information is crucial to
better understand the prevailing dynamics and underlying factors influencing the current
processes in such a complex system and can additionally serve as a valuable component for
modeling and decision making. Such comprehensive and detailed information is lacking for the
Yellow River Basin so far. In this study, we derived land cover characteristics and dynamics from
the complete last decade based on optical high-temporal MODIS Normalized Differenced Vegetation
Index (NDVI) time series for the whole Yellow River Basin. After filtering and smoothing for
noise reduction with the use of the adaptive Savitzky–Golay filter, the processed time series was
used to derive a large variety of phenological and annual metrics. The final classifications for
the basin (2003 and 2013) were based on a random forest classifier, trained by reference samples
from very high-resolution imagery. The accuracy assessment for all 18 thematic classes, which
was based on a 30% reference data split, yielded an overall accuracy of 87% and 84% for 2003
and 2013, respectively. Major land cover and land use changes during the last decade have
occurred on the Loess Plateau, where land and conservation reforms triggered large-scale recovery
of grassland and shrubland habitat that had been previously covered by agriculture or sparse
vegetation. Agricultural encroachment and urban area expansion are other processes influencing the
dynamics in the basin. The necessity for regionally-adapted land cover maps becomes obvious when
our land cover products are compared to existing global products, where thematic accuracy remains
low, particularly in a heterogeneous landscape, such as the Yellow River Basin. The basin-wide
novel land cover and land use products of the Yellow River Basin hold a large potential for climate,
hydrology and biodiversity modelers, as well as river basin and regional governmental authorities
and will be shared upon request.
Keywords: land cover change; phenology; MODIS; random forest; time series analysis;
Yellow River Basin
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1. Introduction
River basins provide a variety of ecosystem services and goods and, thus, have led to the dawn
of many ancient civilizations. Amongst others, they offer fertile soils, reliable water resources for
drinking and irrigation and an easy way of transportation. For much of China, the Yellow River
(Chinese: Huang He) is designated as the “cradle of civilization”. With early settlements along
the river banks, humans have shaped the river’s landscape and hydro-physical characteristics for
centuries. Today, the basin provides the livelihood for almost 190 million people and plays a vital
role in China’s continued economic development based on its abundant natural resources, including
rare ores, coal, oil and gas, which make it one of China’s most dynamic regions. Currently, the
basin’s provinces are attributed with annual GDP growth rates exceeding 10% [1]. As one of
China’s “breadbaskets”, the region contains approximately 13 million ha of arable land, in which
approximately 10 million tons of grain (in 2013) are produced, equivalent to nearly 20% of the
domestic production [1–4]. Hence, the high demand for and intense use of the prevailing water and
land resources have led to profound land use activities in the last few decades with adverse ecological,
economic and social repercussions [5–8]. A river basin requires holistic management perspectives and
reliable, consistent, multi-temporal information, and basin-wide land cover data are essential and can
serve as baseline information for the acting stakeholders to support sustainable regional management
applications and planning decisions.
Despite the urgent need to better understand the pressing land use dynamics in the
Yellow River Basin, there is a surprising lack of comprehensive land cover information for the entire
basin. In recent years, merely local land cover studies covering only small parts of the basin have been
conducted, mainly focusing on the source region of the Yellow River [9,10], the highly erosive Loess
Plateau in the middle reaches [11–13] or the fast-developing delta area [7,14]. To our knowledge,
only two basin-wide products published by Li et al. [15] and Wang et al. [16] exist. The former
study produced a thematic detailed mono-temporal land cover dataset for 1994, based on coarse
resolution AVHRR (Advanced Very High Resolution Radiometer) imagery. The latter work is a
multi-temporal change detection analysis between 1990 and 2000, which is derived from Landsat
Thematic Mapper (TM) data. Both products are outdated and not applicable for analyzing the current
and pressing dynamics in this region. Very often, the well-known global and continental datasets,
such as the Global Land Cover 2000 product (GLC 2000) [17], GlobCover [18], MODIS land cover
datasets [19] or the ESA Climate Change Initiative (CCI) Land Cover (CCI-LC) product [20], are often
used to answer regional research questions, and they serve as a basis for many land use management
plans and decisions. They have been derived from coarse to medium resolution Earth observation
satellites, such as AVHRR, MODIS (Moderate-resolution Imaging Spectroradiometer) or the Medium
Resolution Imaging Spectrometer (MERIS) instrument. Their ability for regionally-specific land
cover analysis and land cover dynamics is hampered, as they were designed for global applications
covering all vegetation and land cover types and, hence, are too generalized, particularly in
heterogeneous landscapes, such as the Yellow River Basin [21–26].
Phenology-driven land cover classification schemes on different regional scales using
high-temporal information have advanced, and the use of phenological variables as classification
input features has proven to be a reliable classification input for large areas with heterogenic
environmental conditions [14,27–29]. The MODIS sensor onboard the Terra and Aqua platforms can
observe the entire Earth’s surface with near daily global coverage. This multi-temporal datasets allow
for the composition of high temporal time series that capture the signatures of the prevailing land
cover entities, minimizing the influence of cloud coverage. Using this high temporal information on,
e.g., vegetation indices, it is possible to effectively discriminate different land cover classes based on
their intra-annual temporal signature [30].
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In order to fill the existing research gap, this study addresses the urgent need for consistent and
multi-temporal land cover products for the Yellow River Basin. We present a unique land cover
analysis at a spatial resolution of 250 m for the years 2003 and 2013 and additionally evaluated
the changes that occurred in this very dynamic region. The classification takes the advances
of phenology-based metrics, derived from high temporal resolution MODIS NDVI (Normalized
Differenced Vegetation Index) time series. This product is then compared to the previously-described
global land cover products. For this purpose, 1380 MODIS scenes of five MODIS tiles for six years had
to be processed. The generated consistent bi-temporal land cover data for the last decade are urgently
required and needed to improve our understanding about the sweeping dynamics in the basin.
2. Study Area
The Yellow River Basin (32◦N–42◦N/96◦E–119◦E) is a major river watershed in northern China,
and as the nation’s second largest basin, drains a total area of approximately 750,000 km2 [32].
Originating in the Qinghai-Tibet Plateau in western China, the river flows 5450 km, crossing nine
Chinese provinces and emptying into the Bohai Sea, where the Yellow River Delta is formed
(Figure 1). The climatic conditions are influenced by the continental monsoon circulation system.
Mean annual precipitation throughout the basin equals around 500 mm, but is unevenly distributed
across space and time [31]. The high altitude Qinghai-Tibet Plateau in the upper section receives
around 300 mm per year, and average temperatures remain low (1–4 ◦C). Going further north, the
area becomes more arid, with only 150 mm of rainfall annually. The lower and middle parts of
the basin experience humid and sub-humid conditions with annual rainfall sums reaching up to
750 mm and temperatures ranging from 12–14 ◦C. A large part of the annual precipitation falls
during the summer months (July and August), frequently in the form of heavy and intense summer
storms [33]. These events are mainly responsible for the high soil erosion rates and the large quantities
of sediment reaching the Yellow River and its tributaries [34]. Following the climatic gradient, the
basin encompasses a wide range of different ecoregions [35]: the vast high-alpine southeast Tibet
shrublands and meadows extend to the west, where nomadic pastoralism is still widespread. The
Gobi Desert and the arid Ordos Plateau steppe, located in the north, are poorly suited for agricultural
use due to infertile soils and scarce water resources. Further to the east lies the highly erosive
Central Loess Plateau, with dissected and erosive loessal hills, and the flat Huang He (or North
China) Plain, both of which are used intensively for agricultural production. The basin’s landscape
and river characteristics have been greatly affected by strong human activities, such as agriculture,
particularly irrigation, the extraction of natural resources, industrialization and dam/infrastructure
construction [6,16,36,37].
3. Material and Methods
The analytical framework of this study is based on high-temporal, medium-resolution Earth
observation data. The data processing and reference data collection procedure is summarized in
Figure 2. Seasonal and annual NDVI statistics based on MODIS time series served as input features
for the random forest classifier. The two final thematic products were validated using a 30% reference
data split. From the derived maps, we detected land cover changes and revealed local land surface
dynamics in the last decade, which were examined quantitatively and qualitatively. By comparing
local subregions, which are both complex and challenging, with high resolution Landsat imagery, we
demonstrate that regional land cover products outperform the available global products.
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Figure 1. The top figure depicts the Yellow River Basin and its major geographical units. The selected
diagrams show the different climatic patterns occurring in the basin. The underlying climate data
were derived from Hijmans et al. [31]. The bottom figure displays the provinces embedded in the
basin and the MODIS footprints covering the entire study area.
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Figure 2. Flowchart depicting the reference data collection steps (top) and the processing and
classification procedure (bottom) to derive the Yellow River Basin land cover product (YRB LC).
3.1. MODIS Data and Processing Steps
The MODIS surface reflectance product MOD09Q1 served as the backbone of the study and was
acquired for two time spans, from January 2002–December 2004 and from January 2012–December
2014 (Figure 2 (bottom)). Although we only focused on 2003 and 2013, it was necessary to process
three consecutive years for each time step, in order to guarantee the proper calculation of the
start/end of the season of the central year. In order to ensure full data coverage of the basin,
we selected a total of five MODIS tiles (h25v04, h25v05, h26v04, h26v05, h27v05) (Figure 1). The
MOD09Q1 8-day composite contains three data layers at a 250-m spatial resolution: MODIS Band
1 (red channel, 620–670 nm), Band 2 (near-infrared channel, 841–876 nm) and the MODIS Quality
Assurance (QA) layer [38]. A total of 1380 MODIS scenes were acquired and processed. For data
download and initial processing steps, we used the statistical programming environment R [39]
and the package MODIS, which incorporates automatic download and processing functions, such
as reprojection, mosaicking and subsetting [40]. For each scene, the native sinusoidal projection
was converted to the geographical latitude/longitude projection (WGS84 datum), keeping the
250-m spatial resolution. MODIS imagery is inherently influenced by atmospheric and geometric
interferences and noise; thus, we applied a quality assessment at the pixel level for each band and
used only the “highest” quality pixels provided by the QA layer. Low quality pixels were masked
out. With the cleaned bands, the Normalized Difference Vegetation Index (NDVI), which was based
on surface reflectance Bands 1 and 2, was calculated for the full 13-year time series with 46 time steps
each year. The interpolation of the gaps and additional noise reduction was achieved by applying
adaptive Savitzky–Golay (SG) filtering using TIMESAT software, which was specifically designed
for analyzing time series of satellite imagery [41]. The SG filter is a moving window filter that
performs a polynomial least-squares fit of a certain degree to all points in the window and replaces
the central point with the value of the polynomial [42]. In TIMESAT, the SG algorithm is implemented
in a newly-adapted form. Sometimes, the globally-defined window size does not account for rapid
increases or decreases in the NDVI trajectory. In these cases, it is necessary to locally decrease the
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window with a smaller one [41]. This filter type has the ability to follow rapid changes within the
time series. Within the Yellow River Basin, intensified agriculture with a two-season cropping cycle
is widespread, so we used a rather small window size of five as tested by Leinenkugel et al. [29] to
capture the fast changing phenology within a year.
3.2. Classification Features
The advantages of using phenological and annual metrics derived from high temporal and
medium spatial resolution remote sensing imagery as predictors for land cover classification have
been demonstrated in many broad-scale land cover studies, e.g., [30,43]. Every land cover class
consists of its individual temporal NDVI profile and is represented in the computed phenological
metrics for land cover discrimination, as shown in Figure 3. From the previously-filtered
and smoothed MODIS NDVI time series, we computed various seasonal phenology metrics,
characterizing the growing and biological cycle throughout the year. We derived eleven metrics
as defined and described by Jönsson and Eklundth [41] for 2003 and 2013. Furthermore, several
annual statistics were extracted for the NDVI and both spectral bands (RED and NIR), i.e., the median,
standard deviation or different percentiles (10, 25, 75, 90 percentiles) and their differences (75th–25th
percentile, 90th–10th percentile). Additionally, we added a digital elevation model (DEM) and slope
as additional predictors. In total, this results in 37 input features for the classifier (see Table 1).
Figure 3. Average temporal NDVI trajectories, derived from 8-day MOD09Q1 data, of all land
cover types occurring in the Yellow River Basin (green line) for 3 consecutive years (2012–2014); the
light-green shaded area represents the 10th and 90th percentile, respectively.
Remote Sens. 2016, 8, 186 7 of 25
Table 1. Phenological and annual metrics and their description. The latter were calculated for the
Vegetation Index and both spectral channels (RED, NIR).
Metrics Description
Se
as
on
al
m
et
ri
cs
Start of season Time for which the left edge has increased to 40% of the seasonal amplitude measured
from the left minimum level
End of the season Time for which the right edge has decreased to 40% of the seasonal amplitude measured
from the right minimum level
Length of the season Time from the start to the end of the season
Base level Average of the left and right minimum values
Middle of the season Mean value of the times for which the left edge has increased to the 80% level and
the right edge has decreased to the 80% level
Peak value Largest value between the start and end of the season
Seasonal amplitude Difference between the peak value and the base level
Rate of increase at the beginning of the season Ratio of the difference between the 20% and 80% levels and the corresponding time difference
Rate of decrease at the end of the season Ratio of the difference between the right 20% and 80% levels and the corresponding time difference
Large seasonal integral Integral of all values between the start and the end of the season
Small seasonal integral Integral of all values from the start to the end of the season minus the base level
A
nn
ua
lm
et
ri
cs
Median Median value derived from annual multi-temporal statistics
Standard deviation Standard deviation from annual multi-temporal statistics
10th percentile 10th percentile value from annual multi-temporal statistics
25th percentile 25th percentile value from annual multi-temporal statistics
75th percentile 75th percentile value from annual multi-temporal statistics
90th percentile 90the percentile value from annual multi-temporal statistics
Diff 90th–10th percentile Difference between 90th and 10thpercentile
Diff 75th–25th percentile Difference between 75 and 25 percentile
3.3. Reference Data Collection
For remote sensing-based land cover analysis, it is important to rely on a high quality reference
database for training and testing. A faulty and inappropriate sampling scheme can introduce much
error, influencing the reliability of the final classification. In September 2013, a two-week field
campaign was conducted in the Yellow River Basin. In the field, we collected suitable reference
samples of homogeneous areas. However, the collection of a valid amount of representative samples
to characterize the prevailing land cover for the entire study area was not possible in an in situ
field campaign throughout a region covering around 750,000 km2. Therefore, we additionally used
high-resolution data from Landsat TM/OLI sensors and complementary very high-resolution (VHR)
imagery provided in virtual globe software, such as Google Earth and Mapworld, to collect a
comprehensive reference dataset for training and validation, as is often applied in large-scale and
medium-resolution remote sensing studies [26,44,45]. The VHR imagery available in our study region
stems mainly from Digital Globe’s Quickbird and GeoEye’s IKONOS satellites.
First, we defined adequate thematic land cover classes for the Yellow River Basin (see Table 2)
by interpreting various sources and databases, including existing region-specific land cover
descriptions, expert knowledge and VHR imagery in combination with geo-referenced photographs.
The following sampling steps were carried out independently for 2003 and 2013 (Figure 2, top chart).
First, we acquired suitable, fairly cloud-free and temporally-consistent Landsat scenes between June
and August ensuring fully-developed vegetation. The collected Landsat tiles are equally distributed
across the study area to capture all land cover entities (Figure 4). For each year, we determined 14
Landsat images. The next step involved retrieving spectrally- and texturally-homogeneous objects.
This has been achieved with the Orfeo ToolBox (OTB), a library for processing remote sensing
imagery. Within the OTB, a segmentation application is included, which allows for the multispectral
segmentation of raster images. We included all spectral Landsat bands, as well as the NDVI in the
segmentation process and applied the implemented mean-shift segmentation algorithm, grouping
and generating objects with similar spectral and textural properties. As a minimum sampling unit,
we defined objects covering at least an area of nine MODIS pixel, as suggested by Congalton and
Greene [46]. As a clear visual interpretation of the prevailing land cover is only possible from
high quality and high resolution data, we selected polygon objects embedded in available VHR
Google Earth data. Nonetheless, the marginal areas of each object might still be influenced by mixed
pixels. The negative buffering of one MODIS pixel removes the potential transitional pixels to further
guarantee the homogeneity of the reference objects.
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Table 2. Name and description of all defined land cover classes in the Yellow River Basin.
ID Class name Description
1 Evergreen needle-leaved forests (closed) Forest with predominant evergreen needle-leaved tree species, covering at least 65%
and height exceeding 2 m
2 Evergreen needle-leaved shrub and woodland (open) Evergreen needle-leaved forests covering 15%–40% and mixed with grassland and/or shrub entities.
3 Deciduous broadleaved forests (closed) Forest with predominant broadleaved deciduous tree species, covering at least 65%
and height exceeding 2 m
4 Deciduous broadleaved shrub and woodland (open) Deciduous broadleaved forests covering 15%–40% and mixed with grassland and/or shrub entities
5 Grassland Herbaceous vegetation layer with less than 10% woodland and shrub coverage
6 Sparse vegetation Sparse shrub and herbaceous vegetation entities covering 5%–15%
7 One season cropland Agricultural areas with one harvest per year
8 Two season cropland Agricultural areas with two harvests per year
9 Natural vegetation/agriculture mosaics Predominant natural vegetation entities (grassland, shrub, woodland), accompanied with cropland
10 Agriculture/natural vegetation mosaics Predominant cropland, accompanied with natural vegetation entities
11 Aquaculture Water ponds used for aquaculture production, mainly for fish, crustaceans and turtles,
usually surrounded and intersected with grassland
12 Wetlands Areas saturated with salt or fresh water with a permanent mosaic of water and herbs or woodland
13 Water bodies Areas covered with either fresh or salt water
14 Tidal flats Coastal wetlands exposed to tidal amplitude consisting of unconsolidated sediments
15 Snow and ice Areas permanently covered by snow or ice
16 Deserts (sandy) Barren area covered by sand dunes
17 Bare areas Barren land with natural vegetation less than 5%
18 Artificial areas Built up areas and associated areas
Figure 4. Location and extent of Landsat (red) and very high-resolution (VHR) imagery (blue)
footprints for 2003 (top) and 2013 (bottom). The table below shows meta-information for each
respective Landsat image.
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To ensure an unbiased distribution of objects across the study area, we randomly generated
2500 points and selected the corresponding polygon. Simple random sampling is the least
biased sampling technique, because all parts of the study area have an equal chance of being
selected. For each land cover class, we decided to select at least 100 samples, as suggested by
several authors [46–48], to get a representative and statistically-valid representation of the complex
landscape. A larger sampling size has been gained for dominant land cover classes and those classes
with inherent variability and complexity [49]. Finally, we assigned the class-specific ID code to
each polygon by visual interpretation. The drawback of simple random sampling is, however, that
small and rarely-occurring areas may be under-represented, because they do not ensure a uniform
distribution of points across the landscape. This problem has also appeared in our sampling strategy.
We therefore manually sampled underrepresented land cover classes until at least 100 samples had
been taken. For all collected samples, we kept a minimum sampling distance of at least 30 MODIS
pixels to avoid spatial autocorrelation effects and removed all objects not fulfilling this criterion.
The final reference dataset for training and testing contained a total of 2340 objects for 2003 and 2232
for 2013. The distribution of each reference dataset can be obtained in Figure 4.
3.4. Classification Approach, Post-Classification and Accuracy Assessment
Various classification models for land cover applications have been used, such as the generalized
linear model (GLM), support vector machine (SVM) or decision tree learning, among others. Decision
tree-based classifiers, such as random forests (RF), have been successfully and extensively applied to
land cover studies and tend to yield higher accuracies than other conventional classifiers, including
maximum likelihood and standard trees [50–52]. Aside from the high performance, RF is robust to
noise and overfitting, and the algorithm is comparably quicker than methods based on boosting [53].
Further, the handling of the classifier is user-friendly, as the model can be run without much tuning
of the parameters. In this study, the entire RF classification was carried out using R and the
package randomForestimplementing Breiman’s random forest algorithm [54]. RF algorithms are used
to construct multiple decision trees, which are built independently, using a bootstrap sample of the
dataset [53]. RF searches for a random sample of the predictors and chooses the best split amongst
the predictors. The final classification is based on the majority vote of the ensemble. Here, we built up
an RF model with 300 individual trees, as prior testing showed a convergence of the mean squared
error (MSE) at that value. For further model tuning and building, we applied the R package caret
developed by Kuhn et al. [55], resulting in a final mtryvalue of 15 for both years. This value describes
how many variables are sampled at each split. The RF classifier ran independently for 2003 and 2013.
Caret integrates a measure of predictor importance to see which variable were the most informative in
making distinctions between the land cover classes. This measure is scaled from 0–100. To generate
an unbiased and stable selection of important and non-important variables prior to fitting the RF
model, the Boruta algorithm was applied [56]. This algorithm tests if variables are expected to be less
important than random samples. No variable was deemed to be non-important.
The thematic accuracy of the two final land cover products was assessed by splitting the
comprehensive reference dataset polygon-wise into a 30% proportion set. The remaining 70% served
as the training samples. We chose the 70/30% split option as it performs best using RF algorithms,
as demonstrated by Adelabu et al. [57]. The use of confusion matrices is a clear way to present the
accuracy, which contains class-specific user’s, producer’s and overall accuracy [46,58].
Many land cover classes that we defined show similar spectral and temporal responses, making
their exact classification ambiguous. Therefore, several logical post-classification rules using ancillary
data were defined to improve the classification accuracy (Figure 5). For instance, mountain shadows
are often misclassified as water. To correct for this issue, the slope calculated from a DEM was
superimposed, and all water bodies with an inclination >1◦ were reclassified to the bare class, as
lentic water is not present on slopes. The spectral differentiation between barren land on steep
slopes and artificial surfaces was revealed to be a challenge. The auxiliary Nighttime Lights Time
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Series (Version 4) derived from the DMSP Operational Linescan System (OLS) instruments served
as an indication for urban and built-up structures [59]. As suggested by Small et al. [60], we
applied a threshold of >86% to detect lighted urban areas. Double-cropping cycles of wheat-maize
or wheat-soybean are very common in the Yellow River Basin, particularly in the North China Plain,
where favorable environmental conditions are present [61]. As additional output, TIMESAT delivers
a mask with information about seasonal cycles, and we reclassified the agricultural class accordingly.
Figure 5. Post-classification decision rules for the Yellow River Basin land cover classification.
4. Results
The result are presented in three main parts; for the first of which, we highlight the novel
bi-temporal land cover products for the Yellow River Basin for 2003 and 2013 and describe the current
land cover features, focusing specifically on each ecoregion. Additionally, we reveal land dynamics
throughout the basin that have occurred in the last decade. Local hotspot regions of change are
shown, focusing on different land cover types. Next, we compare our derived product to existing
global and national land cover datasets by selecting local case study sites representing some of the
basin’s complex land cover structure.
4.1. Current Land Cover Characteristics and Dynamics in the Yellow River Basin
The classification outcome of the Yellow River Basin land cover products (YRB LC 2003 and 2013)
is presented in Figure 6, with an overall accuracy of 87% and 84% for 2003 and 2013, respectively.
We computed class-specific user’s and producer’s accuracy, which are summarized in the confusion
matrices in Table 3. The generated products depict a detailed extent and distribution of the current
land cover status and dynamics, not presented in previous land cover studies thus far. We adapted
and defined the classes specifically for the Yellow River Basin, including classes of natural vegetation
(terrestrial and aquatic), cultivated classes, mosaic classes, and non-vegetated, artificial classes,
resulting in a total of 18 land cover classes. The land cover proportions and their changes between
2003 and 2013 for the basin’s four major geographical units, the Qinghai-Tibet Plateau, Ordos Plateau,
Loess Plateau and North China Plain, including the delta region (Figure 1, top), can be obtained from
Figure 7. The land cover proportions for the entire basin for 2003 and 2013 are summarized in Table 4.
The land cover forms show significant variation across the basin, as can be seen in Figure 7. The
vast elevated Qinghai-Tibet Plateau is dominated by alpine grasslands covering around 65% in 2013.
Vegetation form and land cover proportions change significantly in the Ordos Plateau steppe, where
sparsely-vegetated and barren areas are predominant. Agricultural production is only possible along
the river banks. The Loess Plateau, natively covered by extensive deciduous forest structures, is
presently a major area for agriculture cultivation. The degree and extent of cultivation processes
throughout the basin climaxes in the fertile and vast North China Plain, where a greater part of the
land surface is dominated by agriculture.
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Figure 6. Land cover classification products for the Yellow River Basin (YRB LC) for 2003 (top) and
2013 (bottom). Framed areas in the top panel mark the regions with significant land cover changes
shown in Figure 9. The subsets in the bottom panel were used for comparing our Yellow River
classification product with existing global products depicted explicitly in Figure 10.
Figure 7. Land cover proportions for each ecoregion and year (2003, left; 2013, right). The color code
of the different land cover types conforms to the colors introduced in Figure 6. The coverage of each
ecoregion can be seen in Figure 1.
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Table 3. Confusion matrix showing user’s and producer’s accuracy for each class and overall accuracy
in percent for 2003 (top) and 2013 (bottom).
Reference
2013 1 2 3 4 5 6 7 9 10 11 12 13 14 15 16 17 18 UA (%)
C
la
ss
ifi
ca
ti
on
1 89.15 9.52 0 1.06 0.26 0 0 0 0 0 0 0 0 0 0 0 0 89.15
2 14.18 82.53 0.46 2.30 0.23 0 0 0 0 0 0 0 0 0 0 0 0 82.53
3 3.61 1.45 92.29 1.69 1.3 0 0 0 0 0 0 0 0 0 0 0 0 92.29
4 0.22 3.23 0 78.06 3.36 0 1.29 5.26 3.2 0 0 0 0 0 0 0 0 78.06
5 0 0.60 0 7.01 69.14 0 0 7.21 5.01 0 5.21 0.20 5.01 0 0 0.60 0 69.14
6 0 0.72 0 0 1.67 83.73 0.48 0 0 0 0 0 0 0 0 3.59 6.46 83.73
7 0 0 0 0 0.45 0 82.21 5.63 10.14 0.23 1.13 0 0 0 0 0.23 0 82.21
9 0 0 0 7.6 7.04 0.29 4.40 79.77 0.3 0 0 0 0 0 0 0 0.29 79.77
10 0 0 0 1.13 0.91 0.45 8.14 1.58 87.10 0 0 0 0 0 0 0 0 87.10
11 0 2.5 0 0 0 0 0 0 0 94.00 0 5.99 0 0 0 0 0 94.00
12 0 0 0.43 0 0 0 1.10 0 0 0.82 97.3 0.55 0 0 0 0 0 97.30
13 0 0 0 0 0.23 0 0 0 0 11.9 0.35 82.00 0 5.69 0 0 0 82.00
14 0 0 0 0 0 0 0 0 0 0 3.5 0.23 96.26 0 5.69 0 0 96.26
15 0 0 0 0 0 0 0 0 0 0 0 1.05 0 98.94 0 0 0 98.94
16 0 0 0 0 0 1.12 0 0 0 0 0 0 0 0 98.92 13.09 0 98.92
17 0 0 0 0 0.23 5.25 0 0 0 0 0 0 2.94 3.15 0 77.73 5.46 77.73
18 0 0 0 0 1.21 5.84 0 0 0 0.25 0 0.73 3.65 0 3.15 0.49 87.59 87.59
PA (%) 81.01 84.47 90.97 80.67 84.14 85.99 85.28 76.40 81.57 87.31 88.33 90.68 88.41 92.16 90.23 82.96 86.96 86.83
Reference
2013 1 2 3 4 5 6 7 9 10 11 12 13 14 15 16 17 18 UA (%)
C
la
ss
ifi
ca
ti
on
1 94.04 4.70 1.25 0 0 0 0 0 0 0 0 0 0 0 0 0 0 94.04
2 5.91 89.83 0.47 0.95 2.36 0 0.24 0.24 0 0 0 0 0 0 0 0 0 89.83
3 0.48 1.45 91.04 5.57 0.48 0 0 0 0.24 0 0.73 0 0 0 0 0 0 91.04
4 1.66 13.39 6.98 65.96 2.99 0 0 11.87 1.06 0 0 0 0 0 0 0 0 65.97
5 0 0.92 0.23 10.30 64.32 0.23 5.72 5.95 9.34 4.15 0 0.23 0 0 0 0.69 0.12 64.32
6 0 0 0 0 0.97 71.07 1.94 0.39 0.19 0 4.47 0.19 0 0 1.75 12.62 6.21 71.07
7 0 0 0 0.25 1.27 0 90.93 1.01 1.01 3.54 0.76 0.51 0 0.19 0 0 1.10 90.93
9 0 0.44 0.22 5.01 8.71 0.65 1.09 76.25 6.97 0 0 0 0 0 0 0.22 0.44 76.25
10 0 0 0 0.84 2.51 0.42 9.41 12.55 74.27 0 0 0 0 0 0 0 0 74.27
11 0 0 0 0 0 0 0.48 0 0 92.36 0 5.97 1.19 0 0 0 0 92.36
12 0 0 0.53 0.26 0 0 2.65 0.26 0 2.38 92.59 0.26 0.53 0 0 0 0.53 92.59
13 0 0 0 0 0 0 0 0 0 12.27 0 87.50 0 0 0 0 0 87.50
14 0 0 0 0 0 0 0 0 0 0.27 0 0 98.94 0 0 0 0 98.94
15 0 0 0 0 0.25 0 0.23 0 0 1 0 0 0 98.15 0 0 0 98.15
16 0 0 0 0 0 1.26 0 0 0 0 0 0 0 0 97.47 1.27 0 97.47
17 0 0 0 0 0 8.88 0.51 0 0 0 0.91 1.27 2.54 2.1 2.5 76.14 9.4 76.14
18 0 0 0 0 0 3.05 .910 0 0 0.30 0.80 2.13 2.13 0 0 1.22 91.50 91.50
PA (%) 90.36 84.07 92.38 71.23 78.68 86.73 77.48 71.57 80.32 79.30 90.91 90.17 90.17 98.30 95.54 79.37 81.08 84.31
Table 4. Total area in km2 and in the percentage of the total area for each land cover class and year.
2003 2013
Class ID Area (km2) Area (%) Area (km2) Area (%)
1 32,663 0.88 33,992 0.92
2 30,425 0.82 25,828 0.70
3 261,110 7.03 271.269 7.31
4 127,876 3.44 135,607 3.65
5 1,049,087 28.26 1,053,858 28.39
6 759,812 20.47 723.970 19.50
7 895,934 23.93 902,009 25.37
8 63,480 1.69 15,582 0.42
9 90,534 2.44 199,671 5.38
10 153,710 4.14 46,135 1.24
11 5123 0.14 7269 0,20
12 8992 0.24 7752 0.21
13 23,797 0.64 22,427 0.60
14 2003 0.05 2782 0.07
15 1319 0.04 1359 0.04
16 100,075 2.70 92,849 2.50
17 44,907 1.21 44,004 1.19
18 63,676 1.72 87,332 2.35
4.1.1. The Qinghai-Tibet Plateau
The Qinghai-Tibet Plateau is the world’s highest and largest grassland plateau and feeds many
of Asia’s most important rivers. With altitudes exceeding 4500 m, the plateau is characterized by
harsh environmental conditions with low temperatures and little precipitation. The landscape is
dominated by relatively homogeneous alpine grassland tundra accompanied with areas of spare
vegetation and bare areas. The homogeneous grassland systems achieved in this region higher user’s
(89%) and producer’s (91%) accuracies compared to, e.g., the Loess Plateau, where accuracies are
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considerably lower. Around 65% of the plateau is covered with grassland, as can be seen in Figure 7.
This figure has not changed in the last 10 years. A marginal increase of sparse vegetation cover
at the costs of grassland is detected in the vicinity of the two freshwater lakes, the Gyaring and
Nyoring lakes. At the eastern foothills and in river valleys with milder climatic conditions, open and
closed needle-leaved forest patches can be found. Glacier remnants are present in the ranges of the
A’nyê Magên Mountains. The harsh environmental conditions make crop cultivation rather difficult.
Only in low altitude valleys with milder climates are farmers able to grow wheat and vegetables in
small-scale and subsistence agriculture.
4.1.2. The Ordos Plateau Steppe
Northward, there lies the extensive desert and steppe-like Ordos Plateau. Because of the arid
conditions, dry-adapted and resistant xeric shrubs and grassland vegetation become more dominant,
covering the surface very sparsely. The lack of precipitation in conjunction with non-nutritious soils
inhibit productive cultivation of land for agriculture. Exceptions are small scattered oases throughout
the steppe, along the banks of the Yellow River and large-scale irrigation districts, where sufficient
water is available to grow crops. Irrigation farming is practiced in two major irrigation districts: the
Qingtongxia district in the west and the Hetao district to the north. The main cultivated crops in this
region are corn and wheat [62]. The Ordos region also comprises two large sandy deserts covering
an approximate area of 6%: the Kubugi Desert in the north and the Maowusu Desert further south,
with sparse vegetation along the sandy dunes. Since 2003, the proportions of sparse vegetation have
declined by approximately 17%, being replaced mainly for agricultural purposes and for areas of
mixed grassland/cropland mosaics. Further, urban and built-up areas have significantly expanded,
particularly along the river banks.
4.1.3. The Loess Plateau
In contrast to the Ordos Plateau, the Loess Plateau is attributed with fertile, but highly erosive
soils, allowing for cultivation. Once covered by dense vegetation, dominated by temperate open
and closed deciduous (mainly oak, birch) and in higher altitudes by evergreen forests (spruce,
mountain-ash), a long history of deforestation and over-grazing has turned the Loess Plateau into
a degraded region with high erosion rates [63]. Many Yellow River tributaries originate on the
central Loess plateau and cut the hilly area into numerous narrow ridges and mounds, making
the surface rugged and uneven. At the eastern margins of the basin, the Loess Plateau consists
of still extensive mixed deciduous forests in the Lu Liang Mountains, which gradually changes
south-eastward to low steppe vegetation. In 2013, forest and woodland structures (open and closed)
share an area of around 15,000 km2, equal to 30% of the Loess Plateau, and this has not changed
significantly during the last decade. The central part is characterized by small-scale mosaics of
cropland and natural vegetation and areas of sparse vegetation, particularly on sloping areas. Until
2013, the proportion of natural vegetation and mixed cropland patches has significantly increased,
while sparsely-vegetated areas have dwindled. Particularly, the mosaic class, having agriculture as
the major land form, was transformed to the class “natural/agriculture vegetation mosaics”, with a
predominant share of natural vegetation. Many land policies and conservation programs have been
launched, implementing terracing and greening the slopes to mitigate and stop the massive silt loads
entering the Yellow River. The booming economy, mainly based on coal and chemical production,
has led to an increase in urban and built-up areas in this region. Today, 50 million people populate
the entire Loess Plateau.
4.1.4. The North China Plain and Delta
Further south, the North China Plain commences with the wide and densely-populated valley
of the Wei River, the largest tributary of the Yellow River, which embodies one of the oldest irrigation
districts in China. Through canals, the water is distributed across the valley, supplying major cities,
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which considerably sprawled during the last decade by 24%; a similar figure was suggested by [1]
(Figures 6 and 7 and Table 4). The Qinling Mountain Range delimits the Yellow River Basin to
the south. The dominant vegetation forms are temperate deciduous forest ecosystems. Following
the Yellow River eastwards towards the Bohai Sea, the vast alluvial region is dominated by a high
level of intensified agricultural production, producing wheat, corn, sorghum and cotton, covering
around 66%. Between 2003 and 2013, the cultivated area increased by 5%, which is by far not the
order of magnitude of the crop output, which increased by 22% [1]. As suggested by Li et al. [61],
cropping intensity is achieved by switching from single- to double-cropping cycles. This is obviously
not the case in the Yellow River Basin, where cropping cycles decreased considerably, which is in
accordance with data provided by the National Bureau of Statistics of China, indicating a reduction
of two seasonal crops. Henan and Shandong are the most populous provinces located in the
Yellow River Basin.
The Yellow River Delta is considered one of China’s key regions in terms of economic
development and has intensely evolved during the last few decades. The fertile soils make intensified
agricultural crop cultivation possible. Furthermore, the high abundance of oil and gas resources
triggered a rapid industrialization and urbanization in this region. Along the coastline, many ponds
emerged for aquaculture practices and are still expanding (increase by 14%). All of this has harnessed
the ecologically-sensitive delta area, one of only a few remnants of wetland ecosystems that remain,
which are vitally important to local and even global avian biodiversity. To protect this sensitive
area, the Yellow River Delta Nature Reserve was founded and consistently expanded during the last
few years.
4.2. Variable Importance
The importance measures for 2003 and 2013 of all 37 MODIS predictors for land cover distinction
in the Yellow River Basin are depicted in Figure 8, ordered from most to least important. Both years
show similar patterns. The seasonal and small percentiles (10% and 25%) for both spectral bands and
NDVI rank amongst the most relevant metrics in delineating the land cover for the basin. Base level,
amplitude, peak value and the NDVI integral are found to be the most important seasonal metrics,
while left derivative, middle season and the large integral remain least important. Likewise, higher
percentiles (50% and 75%), as well as slope and altitude play a minor role in land cover delineation.
Figure 8. Importance of each predictor variable used in the random forest classifiers for 2003
(left panel) and 2013 (right panel), scaled from 0–100.
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4.3. Local Dynamic Hotspot Regions in the Basin
The Yellow River Basin has undergone tremendous land cover dynamics during the last
decade, triggered by recent socio-economic developments, such as the growing economy, increasing
urbanization, agricultural expansion and intensification, and various land use policies that have been
launched in the past decade. In this section, we highlight the most significant dynamics exemplarily
by means of subsets, as depicted in Figure 9.
Figure 9. Local hotspots of change within the Yellow River Basin. The numbers refer to the exact
geographical location as indicated in Figure 6. The color code of the different land cover types
conforms to the colors introduced in Figure 6.
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4.3.1. Urban Expansion
Despite population growth rates in China remaining more or less constant since 2003, the
urbanization rate has almost doubled in this time [1]. This is also true for the Yellow River provinces,
where urban areas of the major cities have expanded with an annual rate of up to 4%. Xi’an is the
capital of Shaanxi province, which is one of the oldest cities in China, comprising a total present-day
population of around 8.5 million, and growing annually by more than 3% (Figure 9 1). The city is
embedded in the floodplains of the Wei River, a major region for agricultural production. As part of
China’s so-called “National Economic and Technological Development Zones”, Xi’an is a center for
high-tech industry and is specifically tailored to attract foreign investments and funds to foster local
economies and employment. Artificial structures have further expanded mainly along river banks
and in the major irrigation districts, where intense agricultural production is present. Throughout
the basin, urban and built-up areas increased by almost 35% during the last decade.
4.3.2. Agricultural Encroachment
Agriculture is the dominant landscape feature in the Yellow River Basin, covering one third
of the entire basin area. Between 2002 and 2013, the absolute numbers have not changed much,
and there is even a noticeable decline in agricultural areas by 5%, which is in concordance with
the national statistics [1] and can be seen in Table 4. Despite this overall decline, new areas for
agricultural production have been developed locally in various regions. One example is located in
the arid northern part of Ningxia province (Figure 9 2), where the establishment of new irrigation
facilities has improved and intensified agricultural yields. Other examples of locally-encroaching
agricultural fields are areas on the Ordos and Loess Plateau in Shaanxi province and Inner Mongolia,
where the emergence of small-scale farming practices in groundwater-fed oases is presently located in
the Ordos Desert. Another region experiencing significant agricultural dynamics and intensification
is the Yellow River Delta region, mainly at the cost of the prevailing wetlands.
4.3.3. Ecological Restoration
Many decades and even centuries of intense human influence have turned particularly the
Loess Plateau into a degraded landscape, where natural forests and shrublands in most areas were
largely replaced centuries ago by agricultural cropland and pasture, contributing to recent severe soil
erosion. In order to protect soils and maintain the fertility of such areas, diverse land use policies and
conservation management plans have been launched to impede desertification, increase ecological
conditions and sustain agricultural production, but in a more sustainable way. In the late 1990s,
the Chinese government launched a nationwide scheme called the “Grain-for-Green” program, with
the goal to increase and restore natural vegetation coverage on steep slopes of the Loess Plateau [64].
The change of the landscape structure as a result of this can be nicely seen in Figure 9, where grassland
areas expanded on previous cropland or sparse land. The selected area is embedded in the Shanbei
region (Shaanxi province).
In 1996, by the World Bank initiated the “Loess Plateau Watershed Rehabilitation Project” as one
of the largest restoration programs worldwide and targeted specifically degraded areas with a low
degree of vegetation coverage and susceptible to soil erosion. The primary objectives of this project
were to create sustainable crop production on fertile arable land on terraced gulch slopes and to
further stabilize land on slopes by planting a range of trees, shrubs and grasses to prevent soil
degradation and erosion and the loss of valuable land to desertification. One target area is depicted
in Figure 9, located in Gansu province, showing the successful recovery of grassland systems.
4.4. The YRB LC Product vs. Global and National Land Cover Products
Global land cover products are designed to delineate global land cover patterns, but their
suitability for regional applications is not always given. We compare our regional land cover product
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LC YRB 2013 to the MODIS MCD12Q1 2012 [19] (IGBP), the GlobCover 2009 [18] and the ESA CCI-LC
2010 [20]. Further, a high resolution Landsat 8 OLI scene (30 m) from 2013 was taken as reference
imagery, showing finer prevailing landscape features in higher spatial detail. For this comparison,
we have chosen three subregions, which characterize and represent the major landscape features in
the Yellow River Basin determined by rather complex and heterogeneous conditions (Figure 10). The
first subset (Row 1 in Figure 10) focuses on a semi-natural and agriculturally-dominated landscape
with disjunct forest patches. The Yellow River Delta is the second subset, also a human-dominated
landscape with biodiverse wetlands at the river mouth (second row). Further, we selected a rather
natural ecosystem, the vast alpine grassland structures on the Qinghai-Tibet plateau presented in
Column 3 of Figure 10. The geographical extent and distribution of each subregion is depicted
in Figure 6.
The first region (Row 1 in Figure 10), located in the central part of Shaanxi province in the
floodplains of the Wei River, covers disjunctive forest patches (deciduous and evergreen) surrounded
by intensified agricultural areas. Transitional and fragmented areas of semi-natural vegetation are
present at the forest edges, where small-scale farming practices cut the forest into small mosaics.
Urban and peri-urban structures are scattered across the Wei floodplain, close to the capital of Shaanxi
province (Xi’an). This complex landscape pattern is reflected in high spatial detail by the YRB LC
2013, which includes even the small-scale mosaic structure of natural and semi-natural vegetation
patches. The continuous forest areas are delineated in all considered land cover maps. The MCD12Q1
tends to overestimate deciduous forest formations, and it fails to differentiate between forest types.
Despite the lower class accuracies for open shrub- and wood-land and for the mosaic classes,
their distribution is clearly discernible in the YRB LC 2013 map, considering this heterogeneous
semi-natural landscape. Only ESA CCI-LC reflects the tessellated pattern in similar detail. Looking
at the artificial class, our YRB LC 2013 map is exclusively able to delineate complex and small-scale
urban structures.
In terms of complexity, a similar landscape is the Yellow River Delta, which is a region that
has been intensively shaped by human interactions (Row 2 in Figure 10). The delta consists of
very dynamic, temporally-flooded tidal flats and wetlands at the river mouth. Large aquaculture
ponds intersect the near coastal zone and produce mainly fish and crustaceans [7]. The inner delta
mainly consists of agricultural fields and many small scattered urban areas. Dongjing is the major city
located in the southern delta region. Aquaculture ponds are depicted in the high resolution Landsat
imagery and are congruent with the classified areas in YRB LC 2013. The other considered land cover
maps clearly identified aquaculture incorrectly as either grassland, rainfed cropland or water bodies.
While wetlands are often misclassified as grassland or irrigated cropland, cropland areas are depicted
correctly in almost all land cover maps, except for ESA CCI-LC, where evident cropland areas are
assigned to grassland. It can be further noted that urban areas seem to be better detected compared
to the previous subset. GlobCover still greatly underestimates urban structures. Once again, YRB LC
2013 delineates these dispersed areas in higher spatial detail.
The third subregion, shown in Row 3 of Figure 10, covers rather homogeneous alpine grassland
steppes (Qinghai province) interspersed with barren and sparse mountain ranges, showing low
vegetation coverage. Two large freshwater lakes and small brackish water bodies are scattered across
the area. Despite this homogeneity, the considered maps show different classification schemes, except
for water bodies, which are delineated well in all maps. From the Landsat imagery, it is evident
that YRB LC 2013 follows the landscape pattern of the high resolution image. The MODIS product
classifies all terrestrial areas consistently as grassland and neglects sparse vegetation structures
on mountainous areas. GlobCover captures barren structures, but assigns grassland steppes to
mosaic croplands/vegetation and irrigated cropland classes. Furthermore, ESA CCI-LC introduces
cropland-related classes in this area, even though agricultural production is not realistic in this harsh
environment (altitude 4300 m) with its infertile soil and low temperatures.
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Figure 10. Comparison of Landsat 8 imagery (RGB band combination: 7-5-3; Column 1), against the YRB LC 2013 product (Column 2), MODIS MCD12Q1 2012
(Column 3), GlobCover 2009 (Column 4) and the ESA CCI-LC (Column 5) products. We selected three representative and rather heterogenetic subregions within
the Yellow River Basin: a tessellated area with forest patches intersected with cropland in the south (Row 1); the delta area accompanied by urban, agriculture and
wetlands (Row 2); and the source region dominated by grassland and sparse vegetation mosaics (Row 3). Color code for YRB LC 2013 as introduced in Figure 6.
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5. Discussion
Prior work has highlighted the necessity of detailed, consistent and multi-temporal regional
landscape information, making it important for climate or hydrological modeling, as well as for
various decision-making processes. Hence, we developed in this paper novel land cover products for
the very dynamic Yellow River Basin by revealing the current landscape characteristics and assessing
past changes throughout the basin. A straightforward classification procedure was developed
using high temporal moderate spatial resolution MODIS data, which enable accurate delineation of
heterogeneous landscapes at large spatial scales.
5.1. Land Cover Classification and Dynamics
The two maps presented in this study describe the land cover status for the Yellow River Basin
for the years 2003 and 2013. They provide thematic detailed and regionally-adapted land cover
classes derived from high-temporal MODIS data at 250-m spatial resolution. For classification,
we took spectral, phenological, temporal and ancillary information into consideration. In line
with many studies using phenological information for land cover differentiation [24–26,29,65,66],
we demonstrated the advantageous application of such data, particularly for regions comprising
complex and heterogeneous environmental conditions. The Yellow River watershed covers an
approximate area of 750,000 km2 at an altitudinal gradient of more than 4600 m, therefore creating
very diverse bioclimatic and environmental conditions.
The most obvious dynamics includes the landscape alteration of the Loess and Ordos Plateau,
where land use policies and local conservation management plans combat the environmental
deterioration by restoring vegetation cover and various ecosystem services, such as carbon
sequestration, hydrological services and soil retention. As already shown in Sections 4.1 and 4.2,
our results revealed changing ecological conditions, with the revegetation of barren and sparse land
and transformation of sloped cropland to grass or woodland. Our results are analogous to a number
of local remote sensing and landscape analysis studies, confirming an ecological and environmental
enhancement also at larger scales [4,11,67–69]. Studies investigating the net primary productivity
(NPP), a crucial proxy for vegetation productivity and carbon fluxes, indicated a steady increase over
the last decade [70,71] stemming from land conservation programs. The study of Zhai et al., 2015,
emphasizes the strong anthropogenic effect on this landscape’s changes and excluded precipitation
as the driving factor, showing no significant correlation between precipitation and greening. Beside
the emphasis on nature restoration, social facets also fall into the scope of the respective programs,
aiming towards a reduction of the impoverishment of the local people.
Agriculture is a major landscape facet in the Yellow River Basin, and cultivation practices
started centuries, even millennia ago. The Chinese government promotes the objective of food
self-sufficiency in order to reduce the reliance on international trade markets [72]. Given the growing
demand for food by a rising and increasingly affluent population, the agricultural sector is facing
serious challenges to maintain food security, particularly considering progressive degradation of
land and water resources. Absolute numbers of cultivated areas within the basin remained stable,
while the total annual yield of agricultural commodities has tremendously increased [1] by means
of improved farming practices, irrigation, fertilizer and pesticide consumption and more advanced
machinery [73–76]. For instance, chemical fertilizer consumption has risen substantially by 10% in
Shandon and even 32% in Henan province, the major production zones in the basin [1]. However,
agricultural areas are still dynamic features across the basin, and we see certain localized changes.
Declines in cultivated areas occurred mainly in Shaanxi, where the “Grain for Green” program took
large areas out of cultivation [77]. With expanding and more efficient irrigation facilities, crop areas
developed more strongly in arid regions, such as Northern Gansu or Ningxia, where the Yellow
River and its tributaries provide a sufficient amount of water for irrigation. Multi-cropping harvest
cycles per year are widespread in China to increase cropping intensity and yields without expanding
the cultivated area. Located in the floodplains of the Wei River and North China Plain, these
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multi-crop cycles mainly produce corn, wheat, oil-bearing crops, vegetables and fruits. Our results
indicate a considerable decline of two seasonal cropping practices. Agricultural statistics from the
National Bureau of Statistics reveal a decrease in total sown areas of winter wheat, replaced by more
profitable crops, such as fruits or oil crops, which are showing an inverse trend [1]. However, the
tremendous drop of two-season crops is not fully reflected in the statistics. There are various crop
systems practiced in this region, periodically rotating from three-crop harvests in two years to annual
harvests [78].
Urban and built-up areas have sprawled at tremendous speed, encroaching on surrounding
lands covered by agriculture or natural vegetation. The economically most strongly developed
provinces Shandong and Henan encompass the highest urban population exceeding 60% at annual
growth rates up to 4%. Similar trends show less developed provinces, e.g., Qinghai or Ningxia,
even at higher relative urbanization rates (10%). More and more peasants are moving to cities as
those are the loci of employment and opportunities. Besides the urban sprawl of cities, built-up
and artificial areas reveal significant encroachment along the river banks, where local industries and
infrastructure emerged. Growing urbanization accompanied with a more affluent population usually
leads to higher energy demands and consumption, mainly built on coal, which currently supplies
two-thirds of China’s overall energy use [1]. Coal production for domestic and international markets
across the Yellow River Basin has increased by 25% in Shanxi province between 2003 and 2013, the
major coal production center in the basin, and even by 300%, albeit from a low base [1]. This is
reflected in our classified maps, where we can see localized emergence and expansion of mining
areas and an increase of barren and impervious built-up land on the Ordos Plateau. Opencast mining
activities have recently emerged and expanded in Qinghai province, replacing fragile and sensitive
alpine grassland meadows.
5.2. Land Cover Accuracies
Given the very complex and heterogeneous landscape characteristics and the vast geographical
extent, the attained thematic accuracies of 87% (2013) and 84% are satisfactory and comparable
to other equally-complex regional land cover studies across the globe [24,26,29,45,65]. Seasonal
information, based on high-temporal time-series data, is deemed to be a very important input feature
in delineating different land cover classes, which can be seen in Figure 8. As illustrated in Table 3,
the class-specific accuracies are in a high range, but classification challenges remain. Both mosaic
classes and open deciduous broad-leaved shrub and woodland show the highest confusion, mainly
with grassland, possessing user’s accuracies of 65%–85% and producer’s accuracies of 70%–86%.
The error pattern is analogous for both years. According to our definition of the mosaic and open
structure classes, the respective pixels may contain a significant area of grassland, making them quite
similar in terms of spectral-temporal properties and, thus, leading to a false class allocation. Using
medium-resolution remote sensing sensors, such as MODIS, and the accompanying lower accuracies,
it was therefore necessary to introduce land cover mosaics to improve the thematic representation
of the spatial heterogeneity inherent in the basin. Indeed, the major cause of misclassification is
attributed to mixed pixels with the use of a conventional (hard) pixel classifier, particularly when
the classification is based on medium to coarse resolution remote sensing data [58]. Similarity,
open and closed forest systems, both evergreen and deciduous, often transit into each other and
contribute to confusion between these classes. A fractional cover approach, where land cover
proportions on a sub-pixel level are delineated, could lead to substantial enhancement of classification
performance [25,79,80] for transitional and small-scale landscape structures, such as those occurring
on the Loess Plateau.
Contrary to this, closed deciduous forests that occur in large-scale continuous patches have
distinct spectral and temporal properties and were mapped with high accuracies exceeding 90%.
Generally, spatially-homogeneous land cover types tend to have higher chances of being classified
successfully. Analogically, the classes snow and ice, water bodies, tidal flats, wetlands and desert
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yielded high class-specific accuracies with user’s and producer’s accuracies >90%, which usually
encompass very distinct spectral and temporal signals and can be well mapped. Misclassification,
albeit to a lower degree, appears in delineating aquacultural ponds with water bodies, barren land
with deserts and barren areas with artificial and built-up surfaces. The latter case is an ambitious
classification task, requiring the application of ancillary information. In this respect, we applied
the Nighttime Lights Time Series for 2003 and 2013, which substantially helped to improve the
final results.
6. Conclusions
This study presented a novel, consistent, thematically highly detailed and bi-temporal land cover
analysis representing the heterogeneous land cover characteristics for the Yellow River Basin in China
between 2003 and 2013 and revealing major changes in this dynamic region. Working at a spatial
resolution of 250 m, we used the advances of phenology-based metrics derived from high-temporal
MODIS time series to discern different land cover classes by their temporal trajectory at large spatial
scales. Despite complex and challenging land surface characteristics, which include a wide range
of land cover entities with different environmental conditions, the achieved thematic accuracies of
87% (2003) and 84% (2013) are promising. Although the tessellated land cover classes showed the
lowest accuracies, the incorporation is necessary to give a better and more realistic representation of
the spatial heterogeneity in the basin.
In conclusion, the presented classification scheme we presented, using spectral, seasonal and
ancillary information, is a straightforward way to provide an enhanced picture of the prevailing
landscape characteristics and dynamics on large spatial scales. To highlight the superiority of the
regional-adapted maps, we compared the YRB LC product to the often used global land cover
maps and clearly demonstrated that these optimized maps are better suited for depicting regional
landscapes. Additionally, multi-temporal information allows for the spatial depiction of trends and
recent land change across the Yellow River Basin. The major identified dynamics include agricultural
and industrial intensification, as well as growing urban and peri-urban areas. Major conservation
policies have considerably shaped the landscape characteristics and improved environmental and
ecological conditions in the last decade. The developed highly detailed land cover maps provide
essential information to support decision making for sustainable land and water management plans
and are of particular interest for national, provincial and local stakeholders. Further, this information
can be used as primary inputs for hydrological or climate modeling.
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